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ABSTRACT
Colorado River Cutthroat Trout Habitat Resistance and Resilience to Climate Change
by
Kate Olsen, Master of Science
Utah State University, 2013
Major Professor: Brett Roper
Department: Watershed Sciences
Colorado River cutthroat trout, Oncorhyncus clarki pleuriticus, occupy less than
12% of their historic range. Restoration and conservation of this species are currently
under way across the upper Colorado River basin, but guidance to inform management
decisions related to the impacts of climate change on cutthroat is lacking. Shifts in the
thermal distribution of freshwater fish have been documented, and will continue to occur
as cold water habitat is threatened by warming water temperatures. Coupled air and water
temperature data allow for an estimation of potential resistance and resilience to
warming, determining the effect that local air has on stream temperature. The United
States Forest Service, cooperating with federal agencies, state agencies and private
landowners, placed temperature loggers in the water and two air locations at 50 sites. To
select a representative subset of sites, six habitat characteristics of each Colorado River
cutthroat trout core conservation population were considered. These characteristics
include solar input, elevation, watershed area, riparian vegetation, groundwater input, and
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the 30-year mean maximum July air temperature. Results from coupled temperature
loggers indicate that the relationship between air and water temperature in the upper
Colorado River basin is neither linear, nor one-to-one. Using Mohseni’s (2003) equation,
the relationship between air and water temperature was fit to a nonlinear regression
curve. Analysis shows that the median rise in daily maximum water temperature is only
0.41°C for a 1.0°C increase in the median daily maximum air temperature. Air
temperature exerts the most influence over water temperature; however, these results
indicate that there are other characteristics that influence stream temperature. To
determine these characteristics, analysis of the six habitat characteristics used for site
selection in addition to aspect, slope, and latitude were used to model multiple
temperature metrics. The best model, nonlinear water to air temperature relationship, had
an R2 between actual and predicted values of 0.71. It also became clear that using multimetric analysis would provide a much more robust indicator of resistance. This work
will allow managers to consider potential climate change resistance or resilience in
project prioritization, by understanding potential habitat characteristics to buffer stream
warming.
(136 pages)
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PUBLIC ABSTRACT
Colorado River Cutthroat Trout Habitat Resistance and Resilience to Climate Change
Government agencies and private organizations spend large amounts of public
money attempting to return ecosystems to a more natural state, which have often been
harmed or even destroyed as a result of modern development. Colorado River cutthroat
trout, Oncorhyncus clarki pleuriticus, are a subspecies of cutthroat trout. Cutthroat trout
live in the Rocky Mountains of the western United States. The population of this
particular subspecies has been severely reduced by human actions, and currently only
12% of its historic populations still exist. To improve the condition of cutthroat trout,
fisheries professionals and biologists are working to restore natural populations. There
are far more degraded fish populations than resources to restore them. This is why
managers employ project prioritization, considering the many pros and cons of multiple
projects before spending decisions are made. I suggest that future climate change impacts
must be one of these considerations. Fish species across the world are threatened by and
already reacting to climate change impacts. Some streams will warm faster than other
streams. The goal of this work is to determine which characteristics will make a stream
less susceptible to warming, anticipating which streams are better candidates for habitat
restoration. Cooperation from the United States Forest Service, Bureau of Land
Management, National Park Service, Fish and Wildlife Service, state agencies and private
landowners allowed for the collection of temperature data in cutthroat streams across the
upper Colorado River basin. The relationship between air and water temperature is not
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linear. Characteristics that affect this relationship include air temperature, sunlight,
elevation, area the water is draining from, shading from trees, groundwater input, and
slope and aspect of the local terrain. A model was created that predicts the relationship
between air and water temperature, based on the characteristics around the stream.
Through this work, it also became clear that using multiple temperature metrics, rather
than one, is much stronger in anticipating the likelihood of stream warming. The results
of this work will help government employees make decisions concerning trout restoration
in the Rocky Mountains.
Kate H. Olsen
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INTRODUCTION
The Colorado River cutthroat trout Oncorhyncus clarki pleuriticus (henceforth
cutthroat), is threatened across its native range. This subspecies of cutthroat trout is
native to high elevations of the Upper Colorado River (UCR) basin (Behnke 2002).
Recent analysis done by Metcalf et al. (2012) suggests diversity of cutthroat population
dynamics within the UCR basin may be more complex than previously thought which is
not surprising given the variety of habitats within the basin. Historically, cutthroat thrived
throughout the UCR basin but the species currently occupies less than 12% of its native
range, and has been extirpated entirely from Arizona and New Mexico. The primary
reason for the decline has been human activities. Detrimental activities include road
construction, resource extraction, water use, and grazing (Young 2008). Declines in
cutthroat populations are also affected by the introduction of non-native species (Isaak et
al. 2012) and increases in diseases (Pounds et al. 2006). Each of these factors will be
compounded by climate change.
Nearly three quarters of cutthroat trout habitat now lies on federally managed
lands (Hirsch et al. 2006). The Colorado River subspecies of cutthroat trout is not listed
as endangered by the United States Fish and Wildlife Service (USFWS) under the
Endangered Species Act of 1973 (ESA, 50 CFR Part 17) but is designated as a species of
special concern by Colorado Parks and Wildlife (CPW) and as a sensitive species by a
number of administrative units within the United States Forest Service (USFS). Fisheries
managers across the Rocky Mountain West currently expend considerable amounts of
money in an attempt to restore habitat for this species. They use numerous indicators to
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determine the necessity and potential of native fisheries restoration projects. Managers
prioritize projects based on cost, accessibility of the site, importance of the population
(e.g. total area, population size, and unique life history strategies), potential for success
and public opinion. As the impacts of climate change begin to affect Rocky Mountain
salmonid populations it is increasingly important for managers to anticipate temperature
change as a metric in the selection of fisheries restoration projects. There is a need for
information to enable managers to prioritize projects with regards to warming stream
temperature (Haak et al. 2010a). In this thesis I aim to provide managers with a method to
prioritize proposed restoration projects based on the potential impacts of climate change.
To answer the question of how streams will be impacted by climate change,
understanding the relationship between increases in air temperature and increases in
water temperature is critical (Mohseni and Stefan 1999). Analysis of this relationship,
while incorporating the influence of landscape characteristics, will permit the assessment
of how resistant and/or resilient a given stream’s temperature is to climate change.
Resistance and resilience are often used to describe how climate change will affect
natural systems (Combes 2003; Hampe and Petit 2005; Williams et al. 2009; Rieman and
Isaak 2010; Haak and Williams 2012). Resistance refers to the ability of habitats to
remain minimally affected in the face of natural and human disturbances (Figure 1), and
resilience refers to the ability of natural systems to rebound from disturbance (Figure 2,
Haak and Williams 2012).
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Figure 1. Hypothetical air-water temperature relationships for two different stream types.
As air temperatures rise, more resistant stream temperatures remain cooler, while less
resistant streams become warmer.

Figure 2. Comparison of air temperature (solid) to a resilient stream (dotted) and a
resistant stream (dashed).

The relationship between changes in air temperature and changes in water
temperature likely falls between two theoretical extremes (Figure 1). Stream temperatures
could rise at the same rate as air temperature, or they could rise at a lower rate. The
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factors determining this relationship will not be the same everywhere nor will the
response be the same everywhere. Considerable amounts of work need to be done to
understand the processes that drive these relationships (Arismendi et al. 2012). The goal
of this work is to show the landscape characteristics that affect change in the relationship
between air and water temperatures (Figure 1, Figure 2).
Furthermore, the scale at which air temperature is measured may affect our
understanding of the relationship with stream temperature. Currently most air
temperature relationships are based on upslope measurements, such as those that are
determined by the Parameter-elevation Regressions on Independent Slopes Model
(PRISM, 2004). However, upslope air temperature may be very different than near river
air temperatures (Scully 2010). Differences in air temperatures may occur for a number
of reasons. For example, streamside air temperature is influenced by cool air pooling,
when colder, denser air settles into basins at night (Holden et al. 2011). Additionally, air
temperature of many Rocky Mountains streams is cooled by riparian vegetation, which is
not present upslope. Vegetative cover shades the stream, cooling the air above streams
and limiting the amount of solar radiation that can penetrate the water column (Sweeny
1993; Nelson et al. 2007; Kluber et al. 2009). Studying the relationship between air
temperature at upslope and near river sites will allow for a better understanding of the
accuracy of regional climate predictions at a stream scale. It will provide insight into how
managers can apply regional models on the smaller scale.

5!
Fish, temperature, and climate change
Temperature is arguably the most powerful abiotic factor affecting fish (Fry 1947;
Beitinger and Fitzpatrick 1979; Flebbe 1997; Golovanov 2006; Webb et al. 2008). The
metabolism of cold-water fish species is sensitive to even slight changes in water
temperature. Optimum temperature selection in fish is slightly colder than the
temperature of maximum fitness (Martin and Huey 2008). This occurs because fish are
imperfect thermoregulators living in dynamic ecosystems. To minimize the impacts of
being unable to achieve maximum fitness, fish select locations in the stream where
temperatures are cooler than those correlated with maximum fitness. Slightly cooler
temperatures incur lower metabolic costs than slightly warmer temperatures, due to the
asymmetry of the temperature-fitness curve (Figure 3). The metabolic repercussions of
energy expended for activity at temperatures below optimum are less than those
proportionally above optimum (Huey 1991; Angiletta et al. 2002; Wehrly et al. 2007;
Martin and Huey 2008).

Figure 3. The temperature fitness curve shows that temperatures proportionally above and
below temperature optimum, affect fitness disproportionally (Martin and Huey 2008).
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Trout naturally select habitat temperatures that are slightly cooler than optimum,
and additionally, many of the cutthroat sub-species thrive in temperatures far cooler than
most other species of freshwater fish. Colorado River cutthroat trout are a cold-water
species with an optimum temperature of 19°C. They can survive a broad spectrum of
temperatures, ranging from 5.3°C to 24.7°C (Haak et al. 2010a) but will die in water
greater than 25°C (Selong et al. 2001). Many cutthroat populations exist in locations
where maximum temperatures are at the cusp of the upper thresholds. As many
populations live on the edge of these temperature thresholds, warming temperatures in
the habitat of these populations on the cusp may have negative impacts to population
metabolism at the large scale. Climate change has the potential to be enormously
detrimental to the cutthroat habitat that remains in the Rocky Mountains today.
Fortunately, in some circumstances, fish are able to avoid unsuitable thermal
conditions. Fish react in two ways to changing temperatures: thermoregulation and
acclimation. Thermoregulation is the active selection of locations within a stream based
on temperature (Golovanov 2006; Goniea et al. 2006; Reist et al. 2006; Wehrly et al.
2007). Heterogeneous thermal habitats are beneficial to fish, as different metabolic
activities (i.e. feeding, resting, etc.) are most effective at different temperatures
(Matthews et al. 1994; McCullough et al. 2009). Unfortunately, climate change threatens
the in-stream refugia provided by thermal heterogeneity, which are critical for the
survival of fish (Webb et al. 2008; McCullough et al. 2009; Deitchman and Loheide
2012). Acclimation occurs when fish adapt or become accustomed to different thermal
regimes (McCullough et al. 2009). Thermal optimum is the result of both evolution of the
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species (geographical heritage) and the life history of the individual (Matthews et al.
1994). Physical acclimation to different temperatures is a long-term process (Golovanov
2006) that occurs at a pace much slower than the rapid warming expected from 21st
century climate change (Portner and Farrell 2008).
The United Nations Intergovernmental Panel on Climate Change (IPCC) predicts
between a 1.7°C and 4.4°C increase in air temperature with an estimated 2.8°C global
mean air temperature increase by 2100 (IPCC 2007, A1B scenario). Warming over the
last 100 years has already increased global mean air temperature by an average of 0.74°C
(IPCC 2007). Since the end of the 19th century 2012 was the warmest year on record,
with an average 1.78°C above the 20th century average (Climate Central 2012).
The largest impacts of climate change in the contiguous United States are
anticipated for the Rocky Mountains (Saunders et al. 2008). Climate change in the
Rockies is occurring at a rate two to three times higher than the United States’ average
(Jones et al. 2013). In 2011, the Bureau of Reclamation (BOR) published a report on the
status of western waters. The report states that an increase in air temperature of 3°C -4°C
is anticipated in the UCR basin by 2100. The Rocky Mountain region is sensitive to
warming because of topography and regional climate trends. As the global climate
warms, minimum temperatures will increase at a rate two times faster than maximum
temperatures. Thus, higher elevations are warming faster than lower elevations (Walther
et al. 2002). Increased temperatures in the Rocky Mountains will lead to snowpack
declines (Mote 2006) and higher evaporation rates (Morrill et al. 2005). Warming air
temperatures will drive stream flows down and water temperatures up.
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As increasing levels of greenhouse gasses continue to trap heat on Earth, cooler
areas of the planet (higher in latitude, altitude, or both) will generally warm at faster rates
than other regions. The topography of mountain systems changes rapidly, making it
difficult to model climate change in mountain regions. However, mountain ecosystems
will see an above average level of warming as a result of snow loss. The transition zone
between the snow-free and alpine zone often falls in mountainous regions. As this
transition zone recedes uphill, or towards the poles, the regional albedo will decline.
Snow and ice reflect sunlight, but exposed ground absorbs heat, leading to further air
temperature increases. This means that snowy regions, such as mountain ranges, will
warm more quickly than lowlands (IPCC 2007; Kohler and Maselli 2009). Another
feedback loop that will affect mountainous regions is increasing evaporation, which will
lead to increased cloud cover. This increase in clouds will trap the warm air at Earth’s
surface, rather than reflecting it like clear skies which allow for cooling. Additionally, the
smaller the frozen area reflecting the sun’s heat energy, the faster melting will occur. The
increased rate of warming in this region will continually be exacerbated until a theoretical
point when most of the snow and ice have melted (Luce et al. 2012).
The combination of past changes with likely changes in the future will be
dangerous to many biotas (Ehrlich and Ehrlich 2013). There is considerable evidence
that thermal habitat shifts have already begun (Rahel et al. 1996; Hari et al. 2006; Milner
et al. 2008; Webb et al. 2008; McCullough et al. 2009; Tingley and Beissinger 2009;
Isaak et al. 2012). Global species’ distributions have experienced poleward shifts of 61
kilometers and six meters in altitude per decade (Schloss et al. 2012).
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In the past, many species of fish have survived the magnitude of warming
predicted for modern climate change (Isaak et al. 2011). Historically, freshwater fish
have shown shifts in both latitude and altitude in response to changing climates (Heino et
al. 2009). Fish species are predicted to move towards the poles and up in elevation as
water warms (Hickling et al. 2005; Reist et al. 2006; Rieman et al. 2006; Milner et al.
2008; Rahel and Olden 2008). The mountains will provide refugia from the lowlands, as
the lowest rate of isotherms shifts will occur in the steepest terrain. Due to the linear
nature of stream ecosystems, pole ward movement is not an option for all populations
(Loarie et al. 2009; Isaak and Rieman 2012). Additionally, some populations are already
limited to the highest elevations of stream headwaters, with no further upward elevations
to retreat to (Rieman et al. 2007; Fausch et al. 2009). Historic warming occurred at a
slower rate than currently (Isaak et al. 2011) and it is likely some fish populations will
not be able to respond (Portner and Farrell 2008). Evidence currently shows that fish are
responding to climate change faster than terrestrial species, but not quickly enough to
keep pace with warming (Comte and Grenouillet 2013).
Fish rely on progressive temperature changes to indicate timing of life stage steps
that are often partnered with other environmental factors. Cutthroat trout spawn in the
spring and if temperatures increase, the timing of fish life stages may shift. Shifts in the
timing of migration, spawning and rearing young may lead to reduced fecundity,
reproductive success, and ultimately, the survival of fish populations, as changes in other
environmental factors lag behind (Battin et al. 2007; Young 2008; Wedekind and Küng
2010). The ramifications climate change will have on cutthroat populations are
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multifaceted and our understanding of these impacts relies heavily on our ability to
predict how temperature changes in complex mountain ecosystems (Holden et al. 2011).
Unfortunately, data necessary for these predictions are often missing and larger models
must be used (Rahel and Olden 2008). Using global climate models (GCM) at regional
scales is problematic. The scale of GCMs is not fine enough to assess the impacts of
changes on species abundance and distributions within stream reaches (Hauer et al. 1997;
Poff et al. 2002; Young 2008). The Rocky Mountain Region is particularly
misrepresented by GCMs, which use a highly inaccurate topographic model of the
mountains (Poff et al. 2002; Beniston 2003; Cozzetto et al. 2011; Luce et al. 2012),
highlighting the need for the production and use of small scale climate models (Hauer et
al. 1997).
Analysis of landscape features using Geographic Information Systems (GIS) has
been conducted for many North American fishes in order to determine the potential
habitat loss brought on by climate change induced thermal shifts. Most of these models
use regional scale change predictions. In many of these models, 3°C (ranges from 1.5°C
to 3°C) is used as the value of anticipated increase in global mean air temperature, which
may be an underestimate (Pittock 2006). Models predict habitat losses of 39-86% for
North American cold-water fishes (Table 1). The results of modeled habitat loss vary
greatly by species and region, but they all agree there will be habitat lost, and even at
minor temperature increases, trout habitat will begin to disappear in the West (Rahel et al.
1996). Warming will have the biggest impacts in marginalized habitat (Haak et al. 2010a)
or at low elevations (Williams et al. 2009). Therefore, the percent of populations on
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federal lands, found primarily at higher elevation, will likely rise, leaving these agencies
as the steward for many cold water species.

Table 1. A selection of results from GIS models predicting the loss of western
cold-water fish habitat as a result of increasing average global air temperatures.

Most of the models predicting trout habitat loss use air temperature in place of
water temperature (Isaak and Rieman 2012). These models often rely on air temperature
data because these data are easier to gather (Stefan and Preud’homme 1993; Williams et
al. 2009). The size and resolution of the network of sensors collecting water temperature
is growing rapidly, but it is nowhere near as robust as the air temperature network
(Johnson 2003; McCullough et al. 2009; Rieman and Isaak 2010). Additionally, historic
air temperature databases exist containing data over large areas and long time periods
(Haak et al. 2010b). Unfortunately most air temperature sensors are not near the stream
location of interest and are insufficient surrogates for water temperature sensors (Isaak et
al. 2010). Air temperature loggers are a poor substitute for water loggers, as the
relationship between air and water temperature is neither a one-to-one ratio (Morrill et al.
2005) nor linear (Mohseni and Stefan 1999; Haak et al. 2010b). Information regarding
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the air-water temperature relationships year-round and on small scales is lacking (Stefan
and Preud’homme 1993; Haak et al. 2010b).
Numerous studies use a single value to explain the air-water relationship, which
represents the increase in water temperature relative to air temperature. In attempting to
model how warming air temperature would affect fish habitat, Eaton and Scheller (1996)
multiplied the predicted change in air temperature by 0.9, before adding the change to the
base water temperature. A study of the relationship between changes in air and water
temperature in the Appalachians found that the air-water relationship was 0.38 in Eastern
brook trout Salvelinus fontinalis, habitat (Trumbo et al. 2010). An international study of
43 sites across the world found the average air-water temperature relationship to be
between 0.6 and 0.8 (Morrill et al. 2005).
Even with the introduction of a factor to improve the ability of water temperature
to represent air data, these linear calculations do not address the issue that the air-water
relationship is a nonlinear one. Air-water temperature relationships are nonlinear Scurves due to upper and lower constraints on water temperature (Mohseni and Stefan
1999; Morrill et al. 2005). The S-curve is easily identified at freezing temperatures, as air
temperatures continue to decline but water temperatures remain constant, around 0°C
(Figure 4, Mohseni and Stefan 1999). The curve begins to flatten again at warm
temperatures, as evaporative heat loss prevents the stream from warming further (Figure
4, Webb et al. 2008).
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Figure 4. Daily air-water temperature relationships show that the ratio of increase in air
versus water temperature is neither linear nor one-to-one (Mohseni and Stefan 1999).

Although water temperature is most strongly influenced by air temperature
(Morrill et al. 2005; Wenger et al. 2011), numerous non-climatic factors have warming
and cooling effects on stream temperature (Arismendi et al. 2012). Groundwater input,
geologic features, vegetative stream cover, width and depth all have significant influence
on water temperature (Keleher and Rahel 1996). Hyporheic zones, locations where
surface and subsurface flows are exchanged (Stanford and Ward 1993), provide
temperature refuges to invertebrates and fish at multiple life stages (Boulton et al. 1998;
Baxter and Hauer 2000; Burkholder et al. 2008). The upwelling that occurs at these
hyporheic interfaces creates pockets of increased biotic production and dampened
temperature variation. These locations provide cool thermal refugia for fish during the
hottest parts of the year, which may become more critical as average temperatures
increase (White et al. 1987; Boulton 1993). Relationships between landscape
characteristics and temperature data will provide insight into which of these
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characteristics are the most important for providing protection against climate change in
cutthroat habitat.
The objective of this work is to better understand the relationship between air and
water temperatures within the range of Colorado River cutthroat trout and how landscape
and local scale features affect this relationship. I will do this by 1) collocating water and
air temperature devices in streams occupied by these fish, and 2) predicting how these
relationship are affected throughout the year by habitat metrics measured within the
watershed and at the site.
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METHODS
Site selection
Colorado River cutthroat trout populations inhabit headwaters of the 293,900
square kilometer upper Colorado River basin. The basin falls within the boundaries of
Colorado, Utah, Wyoming, Arizona and New Mexico. In 2006 a range wide status
assessment identified 125 unique core conservation populations of these trout (Hirsch et
al. 2006). The large spatial extent of these populations made the collection of temperature
data for all of these populations difficult. Couple this with the technical limitation of
having water temperature devices for only 50 out of the 125 sites, and the solution was to
devise a sampling strategy that was efficient while enabling sampling across the range of
watershed characteristics occupied by these trout.
The first step in site selection was to identify watersheds that were similar to
minimize sampling redundancies. I began by using the lowest known extent of the
population within each watershed, labeled as the population pour point. The pour point
location was snapped to the stream layer that was determined using a flow accumulation
raster calculated in ArcGIS 9.3. The 30-meter digital elevation model (DEM) that served
as the base for the flow accumulation raster was downloaded from United States
Geological Survey (USGS) online datasets (USGS 2008). Using the pour point and
DEM, watersheds for each of the 125 populations were delineated with the ArcGIS 9.3
spatial analyst watershed tool. Habitat characteristics were calculated for each core
conservation population.
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In addition to air temperature, previous evaluations have found that geologic
features, vegetative stream cover, groundwater inputs, stream width, elevation, lake
effect, and slope had the ability to alter the air-water temperature relationship (Keleher
and Rahel 1996; Arismendi et al. 2012; Jones et al. 2013). Trumbo (2010) examined 49
habitat metrics that had the potential to influence the thermal resistance and resilience of
streams. That work identified six predictive metrics of stream resilience: air temperature,
elevation, forest cover, solar input, groundwater contribution and drainage area. I
summarized each of these metrics for the 125 core conservation segments. Each
characteristic was calculated on one of three scales; the pour point, a 100-meter buffer
(50 meters on each side) around the occupied stream reach, or the entire watershed (Table
2). These characteristics were calculated in ArcGIS 9.3 and summarized for each of the
125 conservation populations.

Table 2. Landscape characteristics included in the initial dissimilarity analysis for site
selection, including the characteristic, a detailed description, the scale at which it was
calculated and the source for the data.
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Once characteristics of the watershed for each of the core populations were
summarized, I used the six habitat metrics in a cluster analysis to evaluate commonalities
among watershed conditions for the populations. Parallels between sites were determined
using a Bray Curtis dissimilarity analysis with average linkages. This and all other
analyses were conducted in R (cluster analysis used the Vegan Package, Oksanen et al.
2011). Bray Curtis reports the compositional dissimilarity between sites, ranging from 0
to 1. Lower values indicate sites with similar characteristics. In this case, dissimilarity
between the 125 core cutthroat conservation populations ranged from 0.11E-03 to 0.56,
based on six habitat characteristics. To sample across the range of different cutthroat
populations, the sites were broken into six groups at a dissimilarity distance of 0.07. This
resulted in five groups and one unique site. Of the five groups, one had only three sites.
Due to the small size of this group, each of these three sites were considered unique. To
obtain a sample size of 50, the four unique sites were included with a random sample of
46, selected proportionally from each of the remaining four groups. This selection
represented the locations where the 50 temperature devices were to be deployed (Figure
5).

Deployment
The temperature loggers to be deployed were sent to federal fisheries staff
responsible for the cutthroat population at each of the selected sites. At each site,
temperature data were collected in three locations: one in the water, one in the riparian
zone and one upslope of the stream about 100 meters (Figure 6).
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Figure 5. Map of the study sites selected across the upper Colorado River basin. Site
selection was based on random selection from within groups, identified here with
different symbols based on cluster analysis.

These locations will be referred to as Water, Riparian and Upland, respectively,
throughout the course of this work. If the air location is not specified, this will be a
reference to the Riparian location. The collection of these data allowed for the
examination of the relationships between air and water temperatures. Two air temperature
loggers at different locations allows for an investigation of air temperature variation
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within close proximity to the stream. This enabled an evaluation of the use of distant air
temperature data (i.e. weather stations) as a surrogate for streamside air temperature.

Figure 6. Location of the three temperature loggers deployed at each site.

Temperature loggers, along with all deployment equipment were mailed to
biologists whose jurisdiction ranged across the upper Colorado River basin. Once the
data loggers were received, they were deployed in the field. In some cases the loggers
were placed in locations differing from the selection sites, and in two cases they were not
deployed at all. These discrepancies arose mostly as a result of errors in the database
(Hirsch et al. 2006) or limited access to sites. In total, 144 temperature loggers (48 sites)
were deployed across the region (Appendix A). All sampling locations are identified in
Figure 7. It should also be noted that some temperature loggers were deployed in a
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manner differing from the instructions provided. This often occurred because of the lack
of large boulders, or the desire to remain compliant with government mandates and
wilderness regulations.
At each site, the water temperature logger was deployed to the GPS location
provided as the downstream end of the population. A few of these habitat segments
contain reservoirs. In these systems, the reservoirs often act as barriers to movement, and
tend to be the downstream terminus of the populations. In these cases temperature
loggers were placed upstream of reservoirs to avoid influences of temperature differences
between regulated and unregulated streams.
Following the protocols of Isaak and Horan (2011), HOBO TidbiT v2 loggers
were deployed using Fox Industries FX-764 underwater epoxy, adhering plastic canisters
(Figure 8) on large, in-stream boulders. The canisters, created to house the temperature
loggers, were made with one ABS (Acrylonitrile Butadiene Styrene) and two PVC
(polyvinyl chloride) components. Four, one-quarter inch holes were drilled evenly along
the outside of the canister to allow water to move through the canister and over the
sensors on the temperature logger. The TidbiT loggers were wrapped in a small sheet of
bubble wrap and placed inside the housing. Once the cap was secured, the canisters were
epoxied on the downstream side of a large boulder at a depth that would remain
submerged year-round. Previous work showed that retention rates of water temperature
loggers during high flows were 70% when stream gradients were less than 10% and
between 80% and 90% when stream gradient was less than 3% (Isaak personal
communication).
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Figure 7. Deployment locations for 48 water temperature loggers throughout the upper
Colorado River basin.

Figure 8a and 8b. Water temperature logger deployed in PVC/ABS canister, epoxied to
the downstream side of a large boulder (left) and air temperature logger in corrugated sun
shield nailed to aspen tree at upland location (right).
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Deployment of the two air temperature loggers (riparian and upslope) was
modeled after the work of Zach Holden and the methods of PACFISH/INFISH Biological
Opinion Effectiveness Monitoring Program (PIBO-EMP) crews (Zach Holden, personal
communication). The air temperature loggers, LogTag analyzers, were placed in
corrugated plastic sunshields (Figure 8). The goal of these loggers was to collect ambient
air temperature, so the sunshields were covered in reflective tape to reduce the impact of
radiant solar energy on data collection. The loggers were secured between three layers of
corrugated plastic with zip ties. The Riparian air temperature logger, was placed as close
to the Water logger as possible. The Upland air temperature logger was attached to a tree
100 meters uphill, perpendicular to the stream (Figure 8). Previous work in Western
Montana resulted in a 58% success rate of air temperature loggers deployed in this
fashion (Holden et al. 2011).
The water temperature devices logged temperature every hour while the air
temperature devices recorded temperature every two hours. This interval insured daily
minimum and maximum temperatures were recorded precisely while maximizing the data
logger memory capacity (Dunham et al. 2005). Temperature logger retrieval occurred
during September of 2012 (Table 3).
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Table 3. Recovery data for temperature loggers at all sites. A “Y” indicates that the
logger was retrieved and an “N” indicates that the logger was lost. An "*" indicates that
the temperature logger was recovered, but the data may be compromised and “ND”
means the logger was never deployed.

Data analysis
Once data collection was complete, quality control methods were used to clean
the raw data. The first step was to evaluate the raw temperature data for erroneous data
points. Any obvious short-term spikes or pits in data were removed. If there were only a
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few hours of inaccurate readings, the values were replaced with values that were the
average of the accurate recordings preceding and following the erroneous data. In some
cases, a site had more than one file with temperature data. This occurred for a number of
reasons, but most commonly because the individual who had deployed the logger was
interested in retrieving data from it earlier than the collection was complete. In these
cases data collection may have been interrupted during the hour in the recording when the
old device was retrieved and the new one deployed. To avoid any potential issues, the
temperature for the hour when the device was switched was recorded as an average of the
previous and following hour’s temperatures. Datasets for any loggers with large periods
of time missing or exposed (i.e. water levels fell below logger, air logger fell in water)
were removed or cut short. Finally, before any temperature data analysis was completed,
all of the temperature datasets were clipped to the day after deployment and day before
removal to avoid analysis of data with any deployment effects.
Water and air temperature datasets were summarized by day, two-week, and
month long periods. Daily data were calculated as the number of days since the beginning
of the study (July 1, 2011) and referred to as the DSD (days since deployment). Twoweek periods (referred to as biweek) were calculated for the entire study period
beginning with July 1, 2011. Month data was calculated by creating subsets of data based
on the calendar month.
Once all temperature data were cleaned and sorted, statistics were calculated for
temperatures at each of the three temperature logger locations. Comparisons were made
between months and years for all three datasets at each location. Statistics were also
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calculated for the relationship between Water and Riparian air temperatures as well as
Riparian and Upland air temperatures.
Time periods and relationships for review of air and water temperature
interactions vary across the literature. Arismendi et al. (2012) suggested the use of
monthly averages to account for the effects of serial correlation, but five- or seven-day
averages have also been suggested (Crisp and Howson 1982). Mean of July versus the
mean of January temperatures (Webb et al. 2008), daily maximum water temperature
versus daily maximum air temperature (Trumbo et al. 2010), change in median versus
change in maximum daily temperature (Loarie et al. 2009), July (Trumbo 2010) or
August stream temperature (Isaak et al. 2010; Jones et al. 2013), and, minimum,
maximum and mean water temperatures (Arismendi et al. 2012) have all been used as
indicator variables in temperature change research.
Temperature metric calculations
For this work, I calculated the daily average, minimum and maximum
temperature for each logger (Arismendi et al. 2012). The daily standard deviation of each
logger was also calculated, and reported as the average standard deviation over the period
of interest for analysis (i.e. biweek). It is anticipated that comparisons between average
temperatures will provide insight into stream resistance, as a more resistive stream will
have less temperature changes than the air temperature. A site where water temperature
follows more closely to air temperature, a less resistant stream, however, may be more
resilient (Figure 2). Resistance and resilience are not, however, mutually exclusive, and a
stream may be both. Increased resistance is valuable to fish, as stream temperatures will

26!
remain cooler with warming air temperatures, which is more suitable for cutthroat.
Increased resilience is valuable to cutthroat, as streams with higher resilience may have a
higher potential for rebounding after an extreme event or a restoration project because of
the inherent elasticity already present in the system.
Although geographic factors like slope and aspect will remain constant, some
factors linked to resistance and resilience are threatened by climate change. The threats
from forest fires and native bark beetle will increase in intensity with a warming climate
(Bentz et al. 2010; Issak et al. 2010). Both of these factors have the potential to reduce
forest cover and remove riparian shading. Additionally, as snowpack declines in the
Rocky Mountains and human demand for water increases, groundwater resources will
become increasingly depleted (Mote 2006; Saunders et al. 2008).
Restoration of some cutthroat populations is necessary. If the factors acting on
these streams are landscape scale, rather than localized, restoration efforts may have a
higher likelihood of being successful, as these streams are able to cool relative to air
temperature at a rate higher than other streams. There is potential that if the mechanisms
influencing the high temperature variation are local scale factors, restoration activities
may inhibit the water’s ability to fluctuate temperature rapidly, but it is likely that these
streams will retain high variability of temperature.
A ratio of the standard deviation of water temperature relative to air temperature
will indicate how closely water temperatures track air temperatures over the course of the
day. If this ratio is high (closer to 1) then the two locations likely have similar daily
temperature change patterns. Sites with higher temperature variance around the mean
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over the course of the day may have an increased propensity to respond positively to
restoration activity as they are able to change temperature rapidly.
The average of every seven-day period was calculated at each site, and the
maximum seven day mean was recorded for water temperature. The number of days
when water temperatures exceeded a mean or maximum of 16°C and 21°C were
calculated, as these are the upper and lower limits of the optimum temperature range for
cutthroat trout (Young 2008; Haak et al. 2010b). The number of days with a maximum
temperature at or above 25°C was reported for each site, because this is the upper
incipient lethal level for cutthroat (Selong et al. 2001). The number of days with a mean
or minimum below freezing was also summarized. Although fish can survive water
temperatures below zero, prolonged exposure to subzero temperatures is detrimental for
growth and survival (Young 2008). All of these statistics may give insight into the
thermal quality and stability of cutthroat habitat. The last temperature calculation was the
daily maximum average riparian air temperature for July of 2012 (Trumbo 2010). This is
the same period of annual calculation as the 30-year averaged PRISM data, allowing for a
comparison of measured Riparian air temperature and air temperature predicted at a
regional scale.
To understand the impact that proximity to stream has on accuracy of air
temperature recordings, the relationship between the two air temperature loggers was
examined. If the distance between Riparian and Upland locations was irrelevant, we
would expect this average change in temperature to be the same, with a ratio of 1, or a
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one degree change at the Riparian logger would equal a one degree change in the Upland
logger.
Value also lies in knowing whether the Water-Riparian and Water-Upland
relationships are the same. If these relationships were not statistically different, using
Water-Upland ratios would provide the same result as Water-Riparian ratios. The WaterRiparian versus Water-Upland relationship allows us to examine if Upland air
temperature is a sufficient surrogate for the Riparian air temperature recordings. The
relationship determines if proximity to stream at a fine scale affects the relationship
between air and water temperature.
The relative rise or fall in water temperature as a reaction to warming or cooling
of air temperature provides a metric to quantify a stream’s ability to resist warming air
temperature. This air-water relationship was examined in a number of ways. The slope of
a regression line between air and water temperatures is used a proxy for the air-water
relationship. The steeper the slope of the line, the higher the driving force that air
warming has on water warming. At a slope of 1, the water temperature is rising at the
same rate as the air temperature. At 0, air temperature is theoretically having no influence
over water temperature. The relationship between air and water was assessed in two
different ways, either as the regression relationship between the average air and water
temperatures over the entire year, or the average change in water temperature relative to
change in air, calculated as the average over the entire period. For each of the air-water
metrics, the mean and standard deviation were reported.
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The mean of the air-water relationship creates a resistance metric for each site.
Lower values for the relationship between air and water indicate higher resistance to
changing air temperatures. For a hypothetical example, if the air temperature in the
region warms 3.0°C, a stream with an air to water relationship of 0.8 will warm 2.4°C,
while a stream with an air-water relationship of 0.4 has higher resistance, and will only
warm 1.2°C. If the current average summer temperatures are only 1.5°C below the upper
limits of the optimum thermal thresholds, cutthroat in the first scenario will struggle with
survival at warm summer temperatures while the second population will remain below
the threshold. Calculating the standard deviation of air and water temperatures gives
additional information about this relationship.
The relationship between maximum daily Water temperature and maximum daily
Riparian temperature was calculated first by identifying the hottest temperature of each
day, for the entire sampling period. A comparison of the two maximum temperatures
creates a daily maximum temperature ratio between water and air temperature, and was
reported as the average and standard deviation over the entire sampling period. A
biweekly maximum air-water ratio was also created. The average daily air and water
temperatures were calculated. Once the maximum temperatures of each biweek period
were determined, a ratio of maximum biweek average temperatures was created by
dividing the maximum biweek average Water temperature by Riparian temperature or
Riparian by Upland. These calculations were summarized as the average and standard
deviation of all of these values over the course of the year.
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To examine the mean and standard deviation of biweekly changes in Water
temperature relative to Riparian air temperature ("), the temperature change ratio was
calculated. The first step was to find the difference between the mean temperature of a
day and that of the day preceding it for the Water and Riparian air datasets. Once these
differences were calculated for each of the daily air and water data points, the daily Water
temperature difference data point was divided by the corresponding daily Riparian air
temperature difference data point. These values were then averaged over the entire
sample period. This process is illustrated in
Equation 1. In this equation, day i average water (W) temperature is subtracted
from the average water temperature of day i+1 and then divided by the same ratio for
average riparian (R) temperature. This ratio is calculated from day i through k where i is
the first day in the series and k is the second to last day in the series, or n-1. Once each
daily ratio was calculated, the mean and standard deviation of each biweek period was
calculated, and the averages of these datasets were reported.

Equation 1. Equation to calculate change of water temperature relative to change in air
temperature.
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Rather than using a linear air-water relationship it may be more accurate to
represent the interaction with a nonlinear S-shaped relationship (Mohseni and Stefan
1999). This relationship is nonlinear, producing a slope that is nearly flat, at or just
above freezing and again flattens asymptotically at high, very hot temperatures (Mohseni
and Stefan 1999; Equation 2). Inputs into this equation include true stream temperature
(Ts) and air temperature (Ta) recorded in the field. Parameters are estimated for the
population and adjusted for each site. The predicted values include maximum stream
temperature (#), minimum stream temperature (µ), steepest slope of the function (!), and
air temperature at the inflection point of the curve ($).

Equation 2. Nonlinear stream temperature model (Mohseni et al. 2003).

This Mohseni and Stefan (1999) nonlinear relationship takes into account the
asymptotic trend of the air-water relationship at cold and warm temperatures. Biweekly
mean temperatures were used for this calculation. The lines plotted onto the graphs using
the Mohseni function (Figure 15 through Figure 18) represent the nonlinear least squares
regression of the air-water temperature relationship (Mohseni et al. 2003). The ! value in
the equation, referred to throughout this work as “Mohseni_y”, represents the steepest
slope of the curve in the nonlinear air-water relationship. This value represents the
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highest level of water warming anticipated from air warming over the course of the year,
and fits the data more accurately than a linear relationship (Mohseni et al. 2003).
Landscape characteristic analysis
Landscape characteristics with the potential to have an effect on stream warming
were summarized for each site. Due to the uncertainty related to predicting air-water
temperature relationships, I calculated landscape attributes at three different scales: pour
point, stream length and watershed. Analysis was completed for the pour point and
watershed as done previously. Prior to site selection, the 50-meter buffer was calculated
around just the stream segments containing conservation populations. However, stream
networks are linear, and the temperature at a given point is influenced by both local
factors and upstream influences. For this reason the entire dendritic stream network was
downloaded from the USGS (2006) national hydrography dataset high-resolution stream
dataset. At each site, the stream network was clipped to the area within each watershed.
The total stream length and the 50-meter stream buffer were calculated from this dataset.
I use the terms landscape and habitat interchangeably throughout my analysis,
Paired with words such as attributes, variables, characteristics or metrics, these terms
refer to all of the biotic and abiotic characteristics that have influence over air and water
temperatures in the local area that were considered for this work. This area is the area
encompassing each individual conservation population of cutthroat trout. Analysis was
completed on numerous scales; however, these terms do not indicate reference to a
particular scale. Additionally, I did no work to summarize characteristics of in-stream
habitat for fish.
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Landscape variables include latitude and longitude at the pour point, total area
(km2) of the buffer and watershed and total stream length (m). Mean maximum July air
temperature (°C), solar radiation (WH/m2), percent forested, base flow index (%), aspect
(0°-359.9°) and elevation (m) were calculated at the pour point and averaged (or
summed) for the buffer and entire watershed area. Slope was calculated at the pour point.
It was also averaged for the entire stream channel as well as over the watershed and
buffer areas. All variables and their definitions can be found in Appendix B. For all
calculated variables, the mean, standard deviation, minimum and maximum values were
recorded. Because the goal of this work it to provide managers with usable models, all
potential landscape variables with the power to predict temperature metrics were
retrieved or calculated from readily available and free datasets.
Resistance and Resilience Modeling
Calculations of landscape attributes and temperature metrics resulted in numerous
outcome and predictor variables. Predictor variables, or landscape characteristics, were
used to create the models, determining the characteristics of a stream that enable the
resistance of water temperature to air temperature changes. To create models for outcome
variables, or calculated temperature metrics, it was necessary to determine how each
model was predicting resistance or resilience to climate change and how it related to
other temperature metrics.
Many temperature metrics can be calculated but only a fraction make ecological
sense in regards to cutthroat trout habitat requirements (Appendix C). Each of the
temperature variables calculated here fit into one of six temperature metric subsets. The
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metric subsets allow for the determination of the best models for different types of
resistance or resilience metrics. These subsets include temperature calculations for all
data collected, air-water temperature regression, temperature change relationships,
maximum temperature comparisons, and calculations of total number of days a threshold
was met, along with a subset of air temperature relationships (Table 4). Within each
subset there may be metrics for summer, winter or annual temperature comparisons. Each
of the metrics provides a way to approach an approximation of stream resistance or
resilience. Although each of the temperature metrics was calculated in different ways,
multiple metrics may be the result of interactions between the same landscape
mechanisms. At the onset of temperature analysis I was not sure which calculations
would be highly correlated. If there was a high correlation between temperature metrics, I
assumed it was because the same landscape mechanisms were acting equally on both
metrics. With the aim of avoiding the creation of redundant models, a correlation analysis
was used to reduce the number of temperature metrics which models were created for.
For groups of strongly correlated temperature metrics, I chose the metric that was most
strongly correlated to the greatest number of other variables within that subset. All unique
temperature metrics were included and I retained at least one outcome variable within
each subset of temperature metrics.
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Table 4. All calculated temperature metrics. A “^” indicates that the metrics was
included in the correlation analysis and a “*” indicates that the metric was selected for
model creation.

It was also necessary to reduce the number of predictor variables. Across all
habitat variables at multiple extents, a total of 36 landscape characteristics were
calculated (Appendix B). To reduce potential complications of correlated predictor
variables, a correlation analysis was completed to determine which variables should be
used for model selection. Narrowing down the predictor variables for model selection
served two purposes. First, most of the variables were calculated at multiple scales. In

36!
some cases the scale was irrelevant to the influence of a habitat characteristic and in
some, the scale was important. In the cases where scale was not relevant, the redundant
characteristics are removed, so that each landscape characteristic is represented by only
one variable for model creation. The second reason was to reduce the potential number of
variables for model creation. It is important to limit model selection to only those
variables that have unique influence on stream temperatures. Any variables that were not
highly correlated to others were included. For groups of highly correlated predictor
variables, one representative variable was selected for model creation. I attempted to
choose the variables that had the highest correlation within their group and lowest
correlation to selected variables from different groups.
Once the landscape and temperature datasets were complete, multi-model analysis
allowed for the selection of the best model for each of the temperature metrics. The best
model was selected using Akaike Information Criteria (AICc, where the lower case ‘c’
indicates that analysis controlled for small sample sizes). For each response variable all
top models were model-averaged. Models are ranked as ‘top’ if the difference in AICc
between any model and the best model was less than 2.0 (Burnham and Anderson 2002).
All analysis was done using MuMIn in R (Barto% 2013). Model-averaged coefficients
with shrinkage (Grueber et al. 2011) and relative importance for each coefficient were
reported, identifying predictor variables with influence on outcome variables. In addition
to AICc, the percent of the variation explained between actual data and model predicted
data was also presented. All models are displayed, while only the top models are
discussed.
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RESULTS
Data retrieval and retention rates
During September of 2012 I retrieved data from all of the temperature loggers that
were still in place. Retention rates were 85% for Water, 96% for Riparian, and 90% for
Upland loggers (Table 5). Many temperature loggers were found in place, in the same
condition as they’d been deployed. Others were found with a range of impairments, from
having little to no effect on the data to missing all data recordings. Impairments to air
temperature loggers ranged from falling on the ground to being attacked by a bear. Water
temperature loggers were impaired if water levels had dropped and they had been
exposed to air temperatures or the epoxy did not hold. In some cases, the data was
salvageable and others it was not.

Table 5. Retention rates (number and percentage) for water, riparian and upland air
temperature loggers.

Based on a 70% retention rate, it was expected 33 water loggers would be found
intact. In this case 41 (85%) were retrieved and 35 (73%) were recovered unimpaired. We
anticipated 58% (27 loggers) retention rate of LogTag air temperature loggers and
sunshields at the Riparian and Upland locations. For Riparian temperature devices, we
recovered 46 (96%) temperature loggers, 41 (85%) of which were unimpaired. For
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Upland temperature loggers, 43 (90%) were recovered and 40 (83%) were unimpaired. At
39 (81%) sites all three loggers were retained but only 27 (56%) sites retained all three
temperatures loggers in an ideal condition (Table 5). The study period ran from July 1,
2011 to September 30, 2012; 458 total days. All loggers began recording data on July 1,
2011, but due to logistical constraints, they were not deployed in the field until between
June 28 and September 17 of 2011. Although the sample period was 15 months, no
individual site collected data for the entire duration (Appendix A). Once data cleared
quality control procedures, 44 sites had at least one good temperature logger.
Basic temperature data
Evaluations of summer temperature found water temperatures were consistently
less than air temperatures. The best summer metric for comparison was July of 2012
since most of the sites (40 Water, 45 Riparian, and 43 Upland) had data for this time
period (Table 6). Across all sites, the mean July Water temperature was 12.5°C with an
average standard deviation between sites of 2.1°C. For Riparian and Upland loggers the
average air temperatures were 15.2°C and 16.1°C, with average standard deviations
across all sites of 5.6°C and 5.8°C, respectively. The average maximum Water
temperature was 17.7°C (maximum Water recording of 27.9°C). The average maximum
air temperatures were 29.0°C (maximum Riparian recording of 52.1°C) and 29.9°C
(maximum Upland recording of 48.7°C, Table 6). The average, standard deviation,
minimum and maximum for each logger at all locations were calculated but are not
reported here, because of incongruities in sampling period.
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Table 6. July 2012 mean, standard deviation, minimum and maximum
temperature for water, riparian air and upland air at all sites. No data is reported
if the logger was compromised.
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Gentry Hallow Creek is a good example of the relationship between July water
and air temperatures found within this area. Gentry Hallow Creek is located on the
Manti-La Sal National Forest. The temperature loggers at the Gentry Hallow site were
deployed on the 27 of July, thus calculations begin 28 days after planned deployment.
Days since deployment (DSD) represent days since July 1, 2011 and the start date for
field temperature recordings varies between sites.
The annual temperature trends of Gentry Hallow (Figure 9) are as expected for a
high elevation stream in the Rocky Mountains. Around October 1 (DSD 92), the water
temperatures reached freezing and remained fairly constant around 0.0°C until about
February 15 (DSD 229), when the water temperature begins to rise. During the winter
months air temperatures were colder than water temperatures and warmer during the
summer. The temperature turnover, or the time of year when the air temperature trend
dropped below water, occurred around the end of September (DSD 89) and rose again in
the spring, around mid-March (DSD 269). Additionally, Upland air temperatures were
warmer than Riparian air temperatures throughout the course of the year.

Figure 9. Plot of air and water temperatures for the entire period of sampling on Gentry
Hallow Creek.
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Summer temperatures were higher in 2012 than 2011, but this difference is hard
to discern when looking at all the data (Figure 9). However, when focusing on the month
of August for 2011 and 2012 (Figure 10) the difference is more obvious. Temperature
differences between August, 2011 and August, 2012 illustrate the differences between
two very different summers. The average daily August Water temperature at Gentry
Hallow (Table 7) was 11.6°C in 2011, 1.1°C cooler than the 2012 average of 12.7°C.
Average Riparian temperature in 2011 was 15.4°C, 0.6°C cooler than 16.0°C recorded in
2012. Upland air temperature, 17.0°C, was 0.9°C cooler than the average, 17.9°C of
2012. During August of 2011, the cooler summer, the standard deviation of daily Water
temperature was 0.6°C, the same as the standard deviation for Water temperature of the
warmer August, 2012. Alternatively, both air temperature loggers had higher standard
deviations during the warmer year. Riparian air temperature had a standard deviation of
1.3°C for 2011, and 1.4°C for 2012. Upland air temperature had a standard deviation of
1.4 °C for 2011, and 1.7°C for 2012. The standard deviation for Water temperature was
the same between the two summers, where the standard deviation of air temperature was
higher during the warmer year.

Table 7. Mean, standard deviation, minimum and maximum temperature
calculations for water, riparian air and upland air loggers at one site. This data is
from Gentry Hallow Creek and illustrates the difference between temperatures of
August 2011 to August 2012.
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Figure 10. Comparison of temperature data for all three loggers in August of 2011 and
2012 at Gentry Hallow Creek.

Minimum temperatures increased to a greater degree, 1.5 times higher, than the
maximum temperatures between August of 2011 and 2012 (Table 7). Minimum Water
temperature rose 2.0°C while maximum temperatures rose 1.3°C. Riparian air
temperature minimum rose 1.9°C while the maximum rose only 0.2°C, nearly a ten-fold
difference between increase in minimum and maximum temperatures. At the Upland
location, from 2011 to 2012, the minimum temperature rose to a lesser degree than the
maximum temperature. Minimum daily Upland air temperature was 1.6°C higher in 2012
while the maximum rose 1.8°C (Table 7). Although this is only one site, it helps to
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illustrate the changes that we anticipate to occur in most high elevation Rocky Mountain
streams, as a result of climate change.
Analysis of days per site at or exceeding cutthroat thermal limits showed
considerable variation among streams (Table 8). The results here report on the upper
(21.0°C) and lower (16.0°C) thermal optimum thresholds, the upper thermal incipient
lethal limit (25.0°C), and freezing temperatures (0.0°C). Over the course of data
collection, six (out of 36) sites had at least one day with a mean water temperature
exceeding 21.0°C and 13 sites had at least one day with a maximum over 21.0°C. Seven
sites experienced days with a maximum temperature over 25.0°C. Twelve sites never
reached a maximum temperature of 16.0°C. For the 24 sites with a maximum temperature
exceeding 16.0°C, they did so an average of 50 days throughout the entire sampling
period. Sixteen sites had at least one day with a mean water temperature below 0.0°C and
26 sites had at least one day with a minimum temperature below freezing.
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Table 8. The number of days the mean water temperature was above 21°C (Mean21), the
maximum was above 25°C (Max25), 21°C (Max21), and 16°C (Max16) and the mean
(Mean00) and minimum (Min00) were below 0°C at each site.
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The average of every seven-day period was calculated for all sites that the data
was available. This included 34 Water, 40 Riparian and 38 Upland sites (Table 9). The
maximum seven day mean water temperature ranged from 8.7°C in Little Vasquez Creek
to 22.1°C in Kinney Creek, both of which are on the Arapaho-Roosevelt National Forest.
Riparian temperature maximums ranged from 13.8°C to 24.0°C and Upland from 13.6°C
to 27.2°C (Table 9).

Table 9. Maximum seven-day average temperature (°C) at each site for water, riparian air
and upland air temperature loggers.
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Temperature relationships
There is a strong relationship between air and water temperature at each site
(Figure 9). Linear regression was used to calculate the relationship between air and water
temperature. The average slope of the line is reported for month and biweek datasets
(Appendix D). Most of the changes in water temperature were driven by changes in air
temperature, but the amount additional landscape characteristics affect water temperature
gives insight into which streams will be able to resist and rebound from climatic
warming.
The daily standard deviation for riparian air and water temperatures was averaged
for each two-week period. Linear regression was used to determine the strength of the
relationship at each site. The average biweekly air and water temperature standard
deviation relationships were similar to those calculated daily (Table 10). The slope of the
relationship between the standard deviation air and water temperatures at all sites ranges
from 0.13 to 1.70 with a mean of 0.56. The R2 values range from 0.01 to 0.82 and the
mean R2 of all sites is 0.48. At some sites, the standard deviation of water temperature
was closely related to the standard deviation of air temperature, at others it was not. Of
the 36 sites, 19 had an R2 greater than 0.5, meaning at half the sites air biweekly standard
deviation explained more than 50% of the variability in water biweekly standard
deviation. At all sites except three, the relationships between biweekly standard deviation
in air compared to water were significant (P<0.05).
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Table 10. The results of linear regression analysis, using biweekly datasets, for the
standard deviation of riparian air temperature compared to the standard deviation of water
temperature at all sites.

Two streams with very different Water to Riparian standard deviation
relationships show the extremes of these relationships within my data (Figure 11 and
Figure 12). Biweekly standard deviation of Water temperature is on the y-axis and
biweekly standard deviation of Riparian temperature is on the x-axis. It is important to
note that it is not a one-to-one relationship. Gentry Hallow creek (Figure 11) shows a
tight linear relationship between air and water variation, with an R2 of 0.82 (P<0.05) and
a slope of 0.54. The relationship between the standard deviations of Riparian and Water
temperature at Road Beaver Creek is not as strong (Figure 12). The slope of the line in
this case is 0.21 and the R2 is 0.10 (P<0.05).
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Figure 11. The relationship between water and riparian air temperature biweekly standard
deviation at Gentry Hallow Creek.

Figure 12. The relationship between water and riparian air biweekly temperature standard
deviation at Road Beaver Creek.

The relationship of daily maximum temperatures between all three loggers was
calculated. The average relationship between maximum Water and Riparian air was 0.41
(SD = 0.13). The Water-Upland daily maximum relationship is 0.41 (SD = 0.15). The
average relationship between Riparian and Upland was 0.94 (SD = 0.32). The range of
the relationship between air temperatures was large. At some sites, the value was greater
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than 1, in situations where Riparian temperatures warmed more than the Upland
temperatures (Appendix E).
The average ratio of change in Water relative to change in Riparian temperature
across all sites is 0.23 with an average standard deviation between sites of 1.28 (Table
11). This relationship ranged between 0.10 and 0.52. At most, daily Water temperatures
reacted at just over half the rate of Riparian temperature change, when averaged over the
entire sampling period within the region. A comparison of this relationship averaged
biweekly had 99% correlation with the relationship averaged monthly (Appendix F). One
example of this relationship is Gentry Hallow with a temperature change ratio of 0.18.
When the air temperature increases 1°C at Gentry Hallow Creek, the water temperature
increases an average of only 0.18°C (Table 11).
The relationship between changes in Riparian relative to change in Upland
temperatures ranged from 0.44 to 1.39. At almost half the (19 out of 42) sites the ratio
was greater than 1. In these cases, the Riparian air temperature changed at a higher rate
than Upland temperatures. At most sites the mean Riparian to Upland air change
relationship was near 1 (mean of 0.99 with a standard deviation of 0.20; Table 11). It is
clear that Upland temperatures are warmer than Riparian air temperatures (Figure 9,
Table 6), but these results show that at most sites, there was little difference between rate
of change in Riparian and rate of change in Upland air temperatures (Table 11).
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Table 11. Mean and standard deviations of the relationship between biweekly average
changes in water temperature relative to riparian air temperature (WvR) and riparian air
temperature relative to upland air temperature (RvU).

Rather than daily change ratios, the daily regression ratios for Water relative to
Riparian temperatures had an average of 0.57 with a range from 0.26 to 1.26. The WaterUpland relationships, ranged from 0.24 to 1.20 with an average of 0.56 across all sites.
The average R2 between sites for both Water-Riparian and Water-Upland regression was
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0.87 (Table 12). The difference between the slopes of the lines for these two relationships
ranged from a difference of -0.04 to 0.14 with an average difference of 0.01 (Table 12).
It is clear that the Water-Riparian and Water-Upland relationships at Gentry
Hallow Creek are very similar (Figure 13). However, at Himes Creek (Figure 14) there
appears to be a difference. The difference between the two relationships was less than
15% (Table 12) at every site. A paired t-test provided evidence (P-value of 0.02094, 39
degrees of freedom and a t-statistic of 2.4066) that there is indeed a significant difference
between the slopes of the Water-Riparian and Water-Upland relationships.

Table 12. The linear regression relationships comparing biweekly water to riparian air
temperature and biweekly water to upland air temperature (°C). This table includes a
comparison of the slope and adjusted R2 for each relationship at each available site.
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Figure 13. Relationships between water and both riparian and upland air temperature at
Gentry Hallow Creek where both air temperatures have nearly identical relationships
(difference of 0.01) with water temperature.

Figure 14. Relationships between water and both riparian and upland air temperature at
Himes Creek where upland and riparian air temperatures appear to have different
relationships (difference of 0. 14) with water temperature.
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The median of this relationship for July, August and September are reported
(Table 13), as well as the July through September time period, which is slightly skewed
towards warmer temperatures. My work found the median of the relationship between
daily maximum air temperature and water temperature was 0.65 in July and 0.63 in
August, with an estimate of 0.59 for September. The median for all of the July through
September period that existed was 0.65 (standard deviation of 0.12 and 95% confidence
interval from 0.61 to 0.69), which may be a slight overestimate as about half of the
September data is missing.
The nonlinear, S-shaped curves calculated from the Mohseni and Stefan (1999)
equation did a good job explaining the relationship between water and air temperatures
(Table 14). The average model parameter minimum temperature across sites was -0.4°C,
maximum was 14.7°C and average at the inflection point was 8.6°C. The average value
of !, or the steepest slope of the function, was 0.31. This corresponds to a mean
temperature increase of 0.3°C in the water to a 1.0°C increase in air temperature.
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Table 13. Median maximum daily water temperature compared to riparian air
temperature from July to September of 2012 and the number of September days recorded.
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Table 14. Parameter estimates for the Mohseni and Stefan (1999) nonlinear regression
equation, fitting average biweekly air-water temperature relationships at each study site.
The “!” here, or steepest slope of the function, is referred to throughout this work as
Mohseni_y.

Dampening of the curve at freezing temperatures is apparent at every site and at
most sites the flattening can be seen for warmer temperatures (Figure 15). At the Gentry
Hallow site (Figure 16), the curve is flat at cold temperatures and just beginning to flatten
out at hot temperatures. The S-curve does a better job of explaining the relationship in
South Brownie Creek. In this case you can clearly see dampening of the curve at both
warm and cold temperatures (Figure 16). In one case, Ely Creek, the S-curve does not
seem to reflect the relationship between water and air (dashed line, Figure 15). In this
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case, the data appear correct and the flatter relationship is likely the result of a unique,
warm creek, just upstream of the Green River in Dinosaur National Park.

Figure 15. Mosheni and Stefan (1999) nonlinear regression curve fitted to all air-water
temperature datasets for cutthroat streams of the upper Colorado River basin. The dashed
line represents Ely Creek, a uniquely warm stream.

Figure 16. Air-water biweekly average relationship at Gentry Hallow (left) and South
Brownie (right) Creeks fitted with Mosheni’s (1999) nonlinear regression equation curve.
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In fitting a linear and nonlinear function to the air-water relationship datasets, the
range of R2 in nonlinear regression was between 0.86 and 0.99 and from 0.71 to 0.99 in
linear regression. The average nonlinear R2 across all sites was 0.97 and the average
linear R2 was 0.88. In all cases, the R2 was higher for nonlinear regression curve fit from
the Mohseni and Stefan (1999) equation than the R2 for linear regression (Table 15). On
average, the R2 was 0.08 higher for the nonlinear regression equation than linear
regression. At some sites, such as Gentry Hallow (Figure 17), there is a small difference
between the fit of the nonlinear and linear regression functions, with an R2 difference of
0.04 (linear R2 of 0.95 and nonlinear R2 of 0.99, Table 15). In other cases, such as
Hubbard Creek, there is a very large difference between the fit of the linear (R2 of 0.79)
and nonlinear (calculated R2 of 0.99) regression equations, with a difference of 0.20
(Figure 18).
Air temperature comparisons enable a determination of the quality of regional
climate predictions as a reliable equivalent to on the ground recordings. It also allows for
analysis of temperature differences in air temperature on a stream scale. The relationship
between PRISM data at the pour point and the actual recorded daily mean maximum
riparian air temperature for July of 2012 was determined (Figure 19). Regression analysis
resulted in a positive and significant relationship (P-value less than 0.05) between
PRISM estimates and actual recordings (Table 16). Analysis of a paired Student’s t-test
found no significant difference between these two datasets (P-value of 0.74). Although
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there was a significant relationship between the two, the R2 was only 0.41 with a root
mean square error of 2.13 degrees.

Table 15. Comparison of R2 between linear and nonlinear (Mohseni and Stefan 1999)
regression models.
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Figure 17. Comparison of linear and nonlinear regression models fitted to recorded data
at Gentry Hallow Creek.

Figure 18. Comparison of linear and nonlinear regression models fitted to recorded data
at Hubbard Creek.
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Figure 19. Relationship between estimated PRISM mean maximum July air temperature
from 1971 to 2000 compared to recorded 2012 average maximum riparian air at each site.
The relationship between recorded data and estimated data has an adjusted R2 of 0.41 and
RMSE of 2.13.
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Table 16. Mean maximum July riparian air temperature (2012) and PRISM 30 year
estimated average mean maximum July air temperature at the location of each logger.

Model parameters
Landscape characteristics
Correlation analysis of landscape variables resulted in the selection of only two
predictor variables with a correlation coefficient greater than 0.65. With a correlation of
0.67, both mean slope of the 50-meter stream buffer and standard deviation of the slope
of the entire watershed were included as predictor variables. The minimum slope of the
watershed was also included. Pour point habitat characteristics for model creation
included slope, latitude, PRISM maximum July air temperature, solar input, aspect and
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forest presence/absence (referred to as land use). Landscape characteristics of the 50meter stream buffer included groundwater flow, area, solar input and percent forested.
The goal of the correlation analysis was to remove all redundant variables, and resulted in
the selection of 13 habitat characteristics for model selection (Table 17).

Table 17. All sites and calculations for the 13 variables used in model selection.
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Temperature metrics
Of the 29 potential metrics of habitat resistance or resilience calculated, 18 models
were created after redundant temperature metrics were removed. All six metric subset
categories were represented by at least one of the 18 models created (Table 18). The six
metric subsets include metrics calculated from all of the data, temperature change regression,
maximum temperature comparisons, number of threshold days, air temperature comparisons,
and air-water regression metrics.
The metric that was calculated from the subset created by all of the data is the
maximum average seven-day water temperature (MAX7_H2O). Temperature change
regression metrics include the average biweekly relationship between change in water
temperature relative to change in riparian air temperature (WvR_Mean_BiWeek) and the
standard deviation between these change relationships (WvR_SD_BiWeek). The standard
deviation of change in air temperature relative to the standard deviation of change in water
temperature was compared and the R2 (WvR_SD_AdjR2) of this relationship, as well as the
standard error (WvR_SD_SE) and slope (WvR_SD_Slope) were modeled. For the maximum
temperature comparisons metric subset, the mean (MAXAWvs.MAXARmean) and standard
deviation (MAXAWvs.MAXARsd) between the two-week averages of daily maximum air to
maximum water temperature were modeled. Additionally, the median maximum water to air
relationship from August, 2012 (WvRmedianAUG) was included. The temperature metric
subset computing the total number of threshold days is represented by the number of days
with a maximum water temperature above 25°C (Max25), the number of days with a
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maximum water temperature above 21°C (Max21) and the number of days with a minimum
water temperature below 0°C (Max00). The air temperature comparison metric subset is
represented by models for the average daily maximum riparian air temperature from July of
2012 (DMAXA_07_12) and the mean (RvU_Mean_BiWeek) and standard deviation
(RvU_SD_BiWeek) of the change in Riparian compared to change in Upland air
temperatures averaged over two week periods. The final temperature metric subset is the airwater regression. The relationship between air and water temperatures was calculated both
linearly (Slope_BiWeek) and nonlinearly (Mohseni_y). A model was also created for the R2
of the biweekly air and water temperature relationship (RSquared_BiWeek).
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Table 18. A complete list of temperature metrics selected for model creation from correlation analysis. The metrics are
grouped here by the six temperature metric subsets.

!
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Model selection
Multi-model analysis allowed for the selection of the best predictive model for each
outcome variable (Table 20). Models were created for 18 temperature metrics (Table 18)
from 13 landscape characteristics (Table 19). Best models involved between four and nine
variables. The equations for each model include the intercept and each selected variable
multiplied by its average estimated weight (Table 21). The R2 between actual and predicted
values for all models ranged from 0.12 to 0.71 with an average R2 0.44 (Table 22).

Table 19. The predictor variables (13) used for model selection, sorted by scale.
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Table 20. All models created. These models represent the averaged model from all top models with a delta AIC less than two
for 18 outcome variables from 13 predictor variables. The table includes the average AICc from each of the top models and the
adjusted R2 between actual and predicted data.

!
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Table 21. Complete equations for all models created for each of the 18 modeled temperature metrics.
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Table 22. Results for all model analysis, with predicted values compared to actual data at
all sites. Here the residual standard error and degrees of freedom are reported with the
adjusted R2 describing how well the modeled results fit the actual data. The models are
sorted by temperature metric subset. Bold font indicates those metrics selected as the best
models and are explained in detail.

The maximum average seven-day period water temperature (MAX7_H2O) ranged
from 8.68°C to 22.12°C with a mean of 13.98°C and standard deviation of 3.98°C. This
metric provides analysis of summer temperatures. Analysis of maximum seven-day
temperature is a good proxy for the hottest temperature that fish would experience for a
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prolonged period. The model indicates that the maximum seven-day average water
temperature (MAX7_H2O) has a negative relationship with aspect (-0.19E-02), land use
at the pour point (-2.5231) and average slope of the buffer (-0.1313). It has a positive
relationship with groundwater input (0.1554), latitude (0.0224), predicted maximum July
air temperature (0.0881), and slope at the pour point (0.0436), along with solar input to
both the buffer (0.0677 E-05) and pour point (0.0026E-05). In comparing actual data to
predicted values the model performed poorly, with an R2 of 0.36 (Figure 20).

Figure 20. Model results showing the relationship between true and predicted values of
maximum seven-day water temperature (Adjusted R2= 0.36 and SE= 3.59).

The best model for the maximum temperature metrics subset estimates the
relationship between the standard deviation of maximum air and the standard deviation of
maximum water temperature (MAXAWvsMAXARsd). This model was negatively
associated with ground water input (-0.0895) and land use (-0.2174) of the buffer. It is
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positively correlated with aspect (0.0252) and maximum July air estimates (0.2293) at the
pour point, and the average standard deviation of the slope within the watershed (0.1824).
Even though this was the best model in this temperature metric subset, it had a moderate
R2 value of 0.52 (Figure 21).

Figure 21. Model results showing the relationship between true and predicted values of
the standard deviation of the relationship between maximum air and water temperature
(Adjusted R2= 0.52 and SE= 0.85).

The only model attempting to predict winter values was the model for number of
days with a minimum value of less than 0.0°C (Min00). Number of days with a minimum
at or below freezing is negatively related to estimated maximum July air temperature (9.4509), average slope of the buffer (-2.1922), standard deviation of the slope of the
watershed (-4.4932), and solar input at the pour point (-2.8318E-05). It is positively
associated with the buffer area (0.2453), solar input to the buffer (12.8639), and the
minimum slope of the watershed (74.5451). Although this was the best model within this
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temperature subset, the R2 for actual data versus model estimates was a modest 0.44
(Figure 22).

Figure 22. Model results showing the relationship between true and predicted values of
number of days with a minimum temperature below freezing (Adjusted R2= 0.44 and
SE= 46.26).

The best model estimating summer temperatures is the average daily maximum
July air temperature (DMAXA_07_12) model, with an R2 between predicted and actual
values of 0.68 (Figure 23). The model for average maximum July air temperature has a
negative relationship with ground water input (-0.0136), average slope of the buffer (0.0114) and standard deviation of the slope within the watershed (-0.1258). There is a
positive relationship with the estimated maximum July air temperature (1.0793), the
latitude (0.5382), the slope (0.0494), and the solar input (0.0031) at the pour point as well
as the area of the buffer (0.1464).
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Figure 23. Model results showing the relationship between true and predicted values of
average daily maximum July riparian air temperature (Adjusted R2= 0.68 and SE= 2.54).

The best model to predict change in water temperature relative to change in air
temperature was the mean biweekly relationship between average change in Water
temperature relative to change in Riparian temperature (WvR_Mean_Biweek). This was
one of the strongest models created, with an R2 between actual data and model
predictions of 0.70 (Figure 24). There is a negative relationship between daily
temperature change ratios and aspect (-0.0325E-02), latitude (-0.0222), and land use (0.0573) at the pour point and average slope within the buffer (-0.0094). It is positively
associated with slope at the pour point (0.0005), minimum slope within the watershed
(0.1656), and solar input to both the buffer (0.0097 E-05) and pour point (0.0020E-05).
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Figure 24. Model results showing the relationship between true and predicted values of
the average biweekly relationship between daily change in air temperature relative to
change in water temperature (Adjusted R2= 0.70 and SE= 0.05).

The R2 of the average biweekly relationship between air and water temperature
(RSquared_Biweek) for the course of the entire sampling period created a model with a
relationship between actual and predicted values of 0.68 (Figure 25). Although it was not
the strongest model in the temperature metric subset, it was one of the strongest overall
performers. There is a negative relationship between the aspect of the pour point (0.0012E-02), average slope of the buffer (-0.0033), and standard deviation of the slope
throughout the watershed (-0.0021). It had a positive relationship with the maximum
average July air temperature (0.0187), slope at the pour point (0.0010) and solar input to
both the buffer (0.0020E-05) and pour point (0.0003E-05).
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Figure 25. Model results showing the relationship between true and predicted values of
the adjusted R2 for the biweekly averaged linear relationship between air and water
temperature (Adjusted R2= 0.68 and SE= 0.04).

The model to predict the linear relationship between air and water temperature, an
average of 0.89 (0.9°C increase in water to 1.0°C in air), had an R2 of only 0.37 between
modeled and actual data. On average, the nonlinear air-water regression curve, at the
steepest slope of the line (!) is 0.31 with a range of 0.07 to 0.79, a magnitude of
difference. The model predicting this value for each stream was the most effective of all
models created. The R2 between actual Mohseni_y values and the values of this
relationship predicted from the model was 0.71 (Figure 26). This model has five
parameters. The first is the total area (km2) of the 50-meter stream buffer
(Buff_Area_km2). This value is calculated for the entire stream network upstream of the
pour point. Second is the PRISM 30 year (1971-2000) estimated mean maximum July air
temperature at the pour point (Clim_PP). Third and fourth, the slope at the pour point
(slpppX) and the minimum slope found within the watershed (slpwsMIN). The final
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parameter for the Mohseni_y model is the total annual solar input (WH/m2) at the pour
point (SOL_PP). There is a negative relationship between Mohseni_y and estimated
maximum July air temperature (-0.0410), slope (-0.0031), and solar input (-0.0037E-05)
at the pour point. This temperature metric has a positive relationship with the area of the
buffer (0.006) and the minimum slope within the watershed (0.1352).

Figure 26. Model results showing the relationship between true and predicted values of
the steepest slope of the function from the nonlinear air-water relationship (Adjusted R2=
0.71 and SE= 0.08).

The four best models each explain greater than 60% of the variation in the actual
data from field collection. The estimates, standard error, confidence intervals and relative
importance for each parameter of these top models are reported. These four models
predict both resistance and resilience metrics. The amount of variance in water
temperature (RSquared_BiWeek, Table 23) is a resilience metric. The relationship
between air and water temperatures (Mohseni_y, Table 24 and WvR_Mean_BiWeek,
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Table 25) and extreme summer temperatures (DMAXA_07_12, Table 26) are all
resistance metrics. Direction on all of these metrics will provide managers with a
powerful tool in prioritizing cutthroat restoration facing a warmer future.

Table 23. Model results for RSquared_BiWeek, or the R2 of the biweekly air and water
temperature relationship. This is the top model from the air-water regression temperature
metric subset.

Table 24. Model results for Mohseni_y, or the nonlinear relationship between air and
water temperature, which is the top overall model and one of the air-water regression
temperature metrics.
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Table 25. Model results for WvR_Mean_Biweek, which is the average biweekly
relationship between change in water temperature relative to change in riparian air
temperature. This is the top model from the temperature change regression metric subset.

Table 26. Model results for DMAXA_07_12 or the average daily maximum riparian air
temperature from July of 2012, which is the top model from the air temperature metric
subset.
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DISCUSSION
The placement of paired water and air temperature devices proved a practical
approach to monitor air-water temperature relationships at specific locations important to
cutthroat trout. The high retention rate for water temperature loggers (85%) suggests this
approach should be used in other studies interested in evaluation of year-round water
temperatures. Given that most models for climate change suggest colder temperatures
may increase faster than warmer temperature (Walther et al. 2002), there is value in
collecting year-round temperature, rather than just the summer field season. It is clear
more measurement of temperature needs to be taken during the winter, and this method is
sufficient for this year-round data collection. The primary issue facing year-round
deployment was that water levels dropped below the deepest depths attainable at
deployment, leaving the water loggers exposed to air temperature. This occurred at a
number of sites between 2011 (a high water year) and 2012 (a low water year). The only
deployment issue with the air temperature loggers was a lack of trees at low elevation
sites. Once deployed, livestock or wildlife mauled a few sunshields, but overall, this
method was also successful.
Although analysis was only completed at one site, using multiple temperature
loggers provided insight into the dramatic difference in warming between the coolest and
the warmest temperatures. Year-round deployment provided the opportunity to observe
annual trends and compare between summer and winter temperatures. A comparison
between summers of two years was also anticipated, but there were only a few sites with
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two full summer months of data because deployment was delayed due to the high water
levels of 2011. The summer of 2012 was warmer than 2011 and this work did provide an
example of a site where the increase in minimum temperatures was much higher than the
increase in maximum temperatures. Walther (et al. 2002) predict that cooler temperatures
are going to warm at much higher rates than warmer temperatures. This example supports
this pattern, which is anticipated with climate warming, and is an additional threat to
populations that are limited by cold temperatures.
There are numerous arguments for the placement of year-round temperature data
collection devices. When this data is not available, regional models provide data to
supplement temperature collection. For riparian air temperature, PRISM data performed
very well for estimating July 2012 maximum temperature. There was not a statistical
difference between the PRISM estimated mean maximum July air temperature and the
actual mean maximum July Riparian air temperature in 2012. Although the average
logger data was no different than 30-year PRISM averages for July, there was high
variability between measurements. The R2 between actual on the ground temperature data
and PRISM was 0.41. This means that PRISM estimates can explain 41% of variability in
Riparian air temperature, but 59% is not explained by PRISM data. In this case, the
amount of variability remaining in the model, 2.13°C, is similar to the predicted levels of
warming from climate change. Since 2°C is an estimate of anticipated warming, a higher
level of accuracy is necessary. These finding suggest that while PRISM data may suffice
in predicting the general trend, it is not a substitute for actual data when the concern is
related to given sites.
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Collection of air temperature data at the site where water temperature data were
collected is valuable for a number of reasons. First, the Water-Riparian temperature
relationship was significantly different than the Water-Upland temperature relationship
suggesting riparian conditions will affect water temperatures at some sites. Secondly
these sites can prove a source of data to better understand how data modeled on a large
scale (PRISM) is related to air temperature near streams.
Trumbo (2010) showed that the median relationship between daily maximum
water temperature and daily maximum air temperature was 0.38 in the Appalachians. I
found the median relationship between maximum air and water temperature was 0.64 in
the Rockies. These results indicate that for every one degree increase in riparian air
temperature the median increase in water temperature is 0.38°C in brook trout habitat of
the Appalachians but 0.64°C in high elevation cutthroat habitat of the upper Colorado
River basin. These differences may be the result of many different factors, two which
may be particularly powerful: slope and humidity. The work on the East Coast does not
include slope as a resistance or sensitivity variable, which I think is much more
significant in the steep grades of the Rocky Mountains. Additionally, humidity is much
higher in the East, which plays a role in preventing water from heating in the
Appalachians.
This supports the expectation that streams of the Rocky Mountains will be more
strongly affected by climate change than Eastern streams. The streams in these mountains
exist at higher elevations, rely heavily on snowpack, have steeper slopes and have cooler
average air temperatures. There is evidence that the upper Colorado River basin is
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warming faster than other regions of the country (BOR 2011). As cooler temperatures are
anticipated to warm faster than warm temperatures, the Rockies will warm faster than the
Appalachians (Walther et al. 2002). Some areas of the country will see increased
precipitation and decreased temperatures; the Rocky Mountains are not one of these
regions. The ecosystems of snowpack dependent regions rely heavily on cold winter
temperatures and heavy precipitation. As temperatures rise and precipitation declines, the
snowpack that defines these ecosystems will dwindle. The Rocky Mountains will be
affected by climate change in a number of ways, and these impacts will be arguably more
severe than other mountainous regions of North America.
This work produced an average linear relationship between air and water
temperature of 0.57, a daily change ratio average relationship of 0.23, a median
maximum air-water temperature ratio of 0.68 and a nonlinear regression average
relationship of 0.31. Arguments have been made that the relationship between air and
water should be represented as anywhere from 0.4 to 0.9 (Eaton and Scheller 1996;
Mohseni and Stefan 1999; Morrill et al. 2005; Trumbo et al. 2010). This work found the
relationship range, depending on which temperature metric is used, to be 0.2 to 0.7,
slightly lower than range estimates from the literature. In comparing the goodness of fit
between linear and nonlinear regression, nonlinear regression had, on average, an R2
value 0.08 higher than linear regression (Table 15). It is clear that the best representation
of the annual air-water relationship was Mohseni and Stefan’s (1999) nonlinear function,
where a 1.0°C increase in air temperature would lead to an average maximum increase of
0.3°C in water temperature.
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Discussion and value of models
A number of models were created, each calculating an estimate for a temperature
metric relative to stream temperature, air temperatures or both. A total of 18 models were
created. All of the top models except one include the variable for maximum average July
air temperature estimated from PRISM (Clim_PP). It is clear that air temperature plays
the largest role in the warming of water temperatures and that this will be a threat to
cutthroat trout as temperatures rise (Stefan and Preud’homme 1993; Mohseni and Stefan
1999).
Modeling these analyses after previous work, PRISM data was used for long-term
historic temperature data. This dataset is neither flawless, nor the only option for largescale, estimated temperature data. Different climatological datasets are calculated by
interpolating weather station data in a number of ways. Thorton et al. (1997) discuss
many of the different climatological interpolation methods, converting weather station
data into a continuous grid. This evaluation highlighted the positives and negatives of
each method. In the case of PRISM data, a continuous dataset of temperature and
precipitation data is created by forcing a gird of irregularly spaced weather station data
points, with a digital elevation model (DEM), to create a regularly spaced gridded dataset
(Daly et al. 1997). PRISM is a widely used climatological dataset for the conterminous
United States. For temperature data on the continental scale, PRISM may be a more
accurate dataset than others, but it is not without its own errors and assumptions.
Errors inherent in the PRISM dataset stem from both variable distance between
weather stations and the fact that data from these stations is not always temporally
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continuous. Temporal continuity is most often an issue during winter months, when it is
harder to maintain upkeep of weather stations, particularly at mountain sites which are
inaccessible during harsher months. In this case, only maximum July air temperatures
were used, and errors of this nature (temporal discontinuity) are far less of an issue during
the summer months. The biggest issue in using PRISM data is the fact that mountainous
terrain is underrepresented by weather stations. In general, mountainous, higher elevation
terrain has fewer weather stations, increasing the distance across which interpolation
must occur. Calculations of PRISM data do attempt to correct issues of increased distance
at higher elevations by adjusting interpolations within elevation layers; however it is not
flawless (Daly et al. 1997). Work by Scully (2010) shows that the higher the elevation of
a location, the greater the level of interpolation error.
The consequences of increased variability at higher elevations are relevant to this
work, as most populations of CRCT are limited to high elevation, upper watershed, sites.
Historical temperature data, PRISM data averaged over 40 years, was used in two ways;
First, for site selection and, second, for resistance model creation. Site selection used
random sampling techniques based on dissimilarity analysis which also included
elevation, and through this process would mitigate elevation-based errors in the PRISM
data. Using temperature data to create models however, may create errors, skewed by the
temperature data at higher elevations. In a comparison of over and underestimates of
PRISM values relative to actual recordings, PRISM data underestimates temperature
more frequently than overestimating (Scully 2010). The tendency is that temperatures at a
site are more likely to be hotter than estimated temperature data. Since most of the sites
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in this work occur at similarly high elevations we had to assume that the potential
underestimates of temperature would not significantly influence model selection.
Regardless of these potential inaccuracies, if the monthly resolution of PRISM data is
sufficient for analysis, PRISM has proven to be more accurate than other nationwide
datasets or interpolation methods, particularly in the intermountain west (Scully 2010).
Being aware of variables other than air temperature that exert control over water
temperature is critical for cutthroat conservation. These attributes, unlike climate change,
can be affected by local management decisions and influenced by restoration priorities.
These models provide useful information for ranking different streams based on their
potential to resist climate warming induced changes or rebound from extreme climatic
events. Models were created to predict number of days at both winter and summer
threshold temperatures. The summer temperature models had poor performance but still
differentiate streams that are well below the thermal limits of trout versus those that are at
or above these limits. Streams in settings that are cold under today’s climate regime will
likely serve as a stronghold for these fish into the future. As winter temperatures rise it is
possible we may see improved cutthroat performance in cold, high elevation waters.
Unfortunately, even as the best predictive model for threshold days, the model for
number of days with a minimum below freezing (Min00) was not strong. Model
performance would most likely improve if a winter temperature variable was introduced
into the model selection process. From the model, sites with an increased number of days
below 0°C are thought to have higher resistance, assuming that colder winter
temperatures are indicative of cooler thermal refugia throughout the year. Some argue
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that the less number of days below 0°C, the more groundwater inputs, which provides a
higher potential for resistance, but in this case we assumed more days below freezing
indicated cooler year-round temperatures and increased resistance.
Sites with days with below freezing temperatures had larger areas and cooler
summer temperatures. A higher number of subzero days was also tied to steeper
minimum slopes. Steeper minimum slopes within the watershed may be indicative of
either smaller or steeper watersheds, or both. We can assume that the minimum slope
within the watershed is close to the pour point because the farther up a stream, the steeper
the grade (Brierley and Fryirs 2005). It is likely that streams with steeper minimum
slopes are farther up the watershed and in turn smaller than those with pour points farther
down in the drainage. Populations in smaller watersheds are less resistant to warming, as
they will quickly run out of room to migrate as downstream reaches warm (Loarie et al.
2009). If these streams have steeper minimum slopes simply because they are steeper
watersheds, they will be more resistant to warming because isotherms will shift upstream
slower in steeper terrain than flatter (Isaak and Rieman 2012). These streams also had
less steep average streamside slopes. Large watersheds with constant, wider canyons and
steeper grades experience a higher number of days in the winter with temperatures below
freezing. If geographic mechanisms, such as cool air pooling and faster runoff, are
causing these temperatures, then summer temperatures in these streams may also be
cooler.
Analyses of thermal limits from water temperature data provide a snapshot look at
one particular moment in time. However, prolonged exposure to temperatures exceeding
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thermal optimum may be more valuable information, as exposure to instantly lethal
temperature is highly unlikely for a cutthroat population, unless streams are dewatered
leaving them in isolated pools. The maximum seven-day average water temperature
(MAX7_H20) is valuable in predicting the hottest week-long period a population would
have to survive over the summer, with the potential of flagging those creeks that are or
will be struggling during the hottest months.
The model prediction for hottest seven-day period was fairly weak, but hotter
temperatures are associated with aspect, increased groundwater, summer temperatures,
latitude and slope at the pour point and decreased forestation at the pour point and slope
of the buffer. More resistant sites will have cooler maximum temperatures. As expected,
these sites would tend to be heavily vegetated with decreased summer temperatures
(Brown 1969; Webb et al. 2008; Arismendi et al. 2012). It was expected that wider,
flatter canyons would be warmer. It was not expected that warmer sites would have
increased base flow and more northerly latitudes.
Warmer temperatures tied to increased groundwater inputs were unexpected, as
hyporheic flows tend to dampen temperature extremes (Johnson 2003). This may have
been a result of the less steep slopes, as streams with decreased slopes may be more
strongly influenced by hyporheic flows. These sites may also have had cooler
temperatures corresponding to decreased groundwater inputs as a result of geology. If
there is low permeability and these headwater streams have a higher proportion of
snowmelt throughout the summer, they may stay cooler than those that are groundwater
fed. Unfortunately, if this is the case, this characteristic will not provide resistance as
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warming will reduce snowpack (Mote 2006) and stream flows will become more
dependent on subsurface inputs.
It is common knowledge that as you move farther, on average, from the equator
temperatures become cooler. The relationship between maximum seven-day temperature
and latitude does not follow this pattern. More northern sites have increased maximum
seven-day temperature. This pattern may be tied to the direction that each of the streams
flow. Aspect is a contributor to this model, ranging from 0° to 359.9°, with 180° facing
directly south. The shape of the upper Colorado River basin (Figure 5) causes its most
Northern tributaries to flow south, while streams further south tend to flow from the East
or West. I think that the streams in the North may be warmer because they are more
likely to have Southern exposure.
The average standard deviation of the maximum biweekly average water
temperature compared to the maximum biweekly average air temperature
(MAXAWvsMAXARsd) provides insight into resilience (Appendix E). The natural
elasticity streams with increased daily temperature variability have may be indicative of
increased ability to return to natural thermal regimes, post-restoration. The model
predicting this relationship was good (R2 0.52) with a range of standard deviation ratios
among sites of 0.36 to 6.77. If the value of this metric is 1 then the air and water have
similar temperature variation. As the value of the ratio moves toward 0 then stream
temperatures experience less temperature variation over short period of time. At most
sites (21 of 34), water temperature experienced between half and equal the amount of
deviation of maximum temperature around the mean over the course of each two week
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period. Some sites experienced a higher average deviation of maximum water
temperatures than maximum air temperature (ratio value greater than 1). These streams
have higher variability and are potentially more resilient. One particular example is Ely
Creek, which experiences more than 6.5 times the variability of maximum temperatures
in water than air, compared to the next highest ratio of ~3.5. This stream is an anomaly
for many reasons, but the maximum temperature deviation ratio is most likely not in
error. From the model, streams with higher variability ratios have lower aspect, lower
summer temperatures, and lower variation in slope as well as higher groundwater inputs
and greater percent of forested buffer area.
The model predicting the average maximum July air temperature performed well
(R2 0.68). Streams with increased maximum summer temperatures will be less likely to
support cutthroat as stream temperatures rise. As expected, sites with increased
groundwater input, less radiation and steeper canyons tend to have cooler maximum
summer temperatures and will be more likely to support cutthroat in the future. Sites
with lower area of contribution have cooler maximum July air temperature. Most of these
populations are remnant headwater populations, so the smaller the watershed (buffer area
is a strong surrogate to watershed area), the closer the pour point is to the top of the
watershed. It is not surprising those watersheds that are higher in elevation have cooler
maximum July temperatures.
These sites also have increased variation in slope throughout the watershed, but
decreased slope at the pour point. Generally, increased slopes lead to cooler temperature,
which has been the case for multiple slope variables in this work (Mayer 2012).
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However, in this model, and others, an increased slope at the location of the water
temperature logger (pour point) had a positive effect on the temperature metric. In this
case, streams with lower maximum July air temperature would have a flatter slope at the
pour point, which is counter intuitive. This may be the case because loggers are deployed
in pools, drawing the deployer to flatter reaches of the stream to find a sufficient location.
When deploying temperature loggers, it is not uncommon to walk up or down stream
many meters to find a solid rock in a deep pool. With a 30 meter DEM resolution,
analysis could potentially pick up the flatter stream reaches where loggers were deployed,
explaining this unexpected outcome in the model.
The lower the rate of temperature change in water relative to air
(WvR_Mean_BiWeek), the higher the resistance of that stream to warming. I found I
could model this adequately (R2 = 0.70). Streams with increased resistance to warming
(lower ratio values) are associated with increased aspect, latitude, forestation at the pour
point, and average slope of the buffer, but decreased slope at the pour point. Again, more
resistant streams tend to be flatter at the deployment location. In this case, streams with
higher resistance are farther North, have tree cover at the logger and steeper canyons.
The model predicting the goodness of fit for the air-water temperature
relationship (RSquared_BiWeek) at each site was good (R2 of 0.68). As the temperature
difference between average air and water temperatures at each site increases, the value of
this ratio decreases, indicating the potential for increased stream resilience. In this case
streams with increased resilience are characterized by increased aspect, average slope of
the buffer, and higher variance of the watershed slope. These streams have decreased
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solar input to both the buffer and the pour point. They are also characterized by lower
maximum summer temperatures and flatter slopes at the pour point. These results suggest
populations in steeper, shaded canyons may be less at risk. It also suggests that
watersheds with highly variable terrain have a higher capacity to be resilient to
temperature change. It is very interesting that flatter slopes at pour point is again linked to
the potential for increased resilience and further research into this characteristic is
needed.
Best model
The final and best model predicts the relationship between air and water
temperature with a nonlinear regression curve. The lower the slope of the air-water
relationship, the higher the resistance a stream has to warming. Streams with smaller,
steeper watersheds will be more likely to support cutthroat populations, as streams warm.
Increased resistance is also tied to increased solar input and maximum temperature at the
pour point, neither of which I assumed would be associated with increased resistance.
In the case of the nonlinear air-water relationship model, sites with relationships
of 0.20 or lower should be considered highly resistant streams. A relationship of 0.20
equates to a maximum of 0.2°C increase in water temperature when the air temperature
rises 1.0°C. Those between 0.20 and 0.40 are streams of medium resistance, and those
greater than 0.40 are low resistance streams (Table 27). Highly resistant streams range in
buffer area from 1.45 km2 to 43.48 km2, with an average of 11.34 km2. Streams with
medium resistance range in buffer area from 0.23 km2 to 13.10 km2 with an average of
4.36 km2. Low resistance streams range from 0.56 km2 to 10.58 km2 with an average of
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3.20 km2. Overall, the larger the area of the buffer, the higher the resistance of water to
warming air temperature.
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Table 27. This is a complete list of characteristic values for low, medium and high
resistance streams. Here resistance is based on the model predicting the steepest slope of
the function in the nonlinear air-water regression.
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High resistance streams have maximum average July air temperatures that range
from 22.60°C to 32.09°C with an average of 26.72°C. Medium resistance streams range
in maximum temperatures from 18.51°C to 26.18°C with an average of 23.18°C. Low
resistance streams range from 17.72°C to 23.43°C with an average of 21.27°C. Overall,
the warmer the maximum average July air temperature, the higher the resistance of
stream temperature to air warming. This is problematic because the streams with the
highest resistance are the warmest streams, which are already experiencing the warmest
maximum July temperatures. It may be more pragmatic to prioritize those streams with
moderate resistance as they are cooler than the highly resistance streams, but have a
higher propensity for resistance than the low resistance streams.
For slope at the pour point and minimum slope within the watershed, the pattern
between resistance and the variable is not as clear. The average slope of the pour point
for high resistance streams is 9.17 and 9.38 for medium resistance streams, but 7.13 for
low resistance streams. A steeper slope at the pour point increases a stream’s resistance,
and overall there is evidence that steeper, narrower canyons are cooler and more resistant
than flatter canyons. The minimum slope of the watershed averages 0.22 for high
resistance streams and 0.18 for medium resistance but 0.31 for low resistance. The
maximum values for minimum slope within the watershed are the same, 0.74, for high
and medium resistance streams, but 1.95 for low resistance streams. For minimum slope
of the watershed, lower minimum slopes are indicative of higher resistance, which could
be tied to higher levels of groundwater inputs in flatter reaches.

95
The last habitat variable involved in the nonlinear air-water regression model is
solar input at the pour point. High resistance streams have average solar input of 1542929
WH/m2 annually; medium resistance is an average solar input of 1416683 WH/m2; and
low resistance at 1097603 WH/m2. In this case, the higher the solar input, the higher the
potential for stream resistance. Again streams with more solar input have higher
resistance, but are expected to be warmer because of this exposure. Prioritizing streams
with moderate solar input levels may also be more pragmatic.
These groupings of the Mohseni model inputs show that streams have higher
potential for resistance when they have larger total buffer area (km2), higher summer
maximums (°C), steeper slopes at the pour point, lower minimum slopes throughout the
watershed and increased solar input (WH/m2) at the pour point. It is interesting to note
that in interpreting the model equation it appears increased resistance is tied to smaller
buffer area when in reality, the true data shows the opposite. This may be explained by
the high variance in area between sites. Some of these results are not intuitive. I expected
that solar input at the pour point and estimated average maximum July air temperature
would be inversely related to resistance (Table 27), but I was incorrect. This may stem
from the fact that the steepest slope of the regression equation does not take into account
the upper temperature at which the relationship flattens. Streams with less steep slopes
may warm slower, but eventually reach hotter temperatures than those with steeper slopes
that quickly settle to a maximum temperature.
Although the nonlinear function represents the relationship between air and water
very accurately, it is not entirely accurate to use this relationship to represent the
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resistance of water temperature to air warming. Using the slope of the nonlinear
regression analysis to represent resistance is accurate when maximum warmer
temperatures are suitable for cutthroat physiology. However, in this study, many of the
nonlinear regression relationships continue to warm beyond the optimal thermal range,
rather than flattening out at high temperatures. Using this nonlinear regression equation
as a representative of resistance may be sufficient on the East coast or other locations that
settle to a suitable maximum temperature, but in the Rockies it appears that some streams
have a much higher capacity to warm. Two sites may have the same steepness of slope,
but one may reach its maximum at a much hotter temperature than the other. This higher
capacity for warming should also be taken into account when anticipating resistance. The
Mohseni and Stefan (1999) equation does not calculate the temperature of the upper
turnover point, but the temperature at the inflection point (") is reported and should be a
relative surrogate for the upper inflection point. I think that a combination of both of
these resistance indicators would identify the rate of stream warming and the total
amount of temperature change anticipated.

Model success
Put simply, these models predict streams with either higher resilience, indicated
by an increased standard deviation of water temperature relative to air, or higher
resistance, indicated by lower rates of water temperature warming relative to air. Streams
with higher resilience or resistance tended to be characterized by smaller watersheds with
narrower, steeper canyons and variable terrain. They have increased levels of vegetation
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and groundwater contributions. They have less solar input and cooler summer
temperatures. It was surprising to find that, in general, streams with higher potential for
resistance or resilience were further to the South and had less steep slopes at the pour
point and lower minimum slope within the watershed.
There are numerous contradictions across the literature as to which are the most
influential factors controlling stream temperatures (Johnson 2003), and nearly every one
of the resistance or resilience trends within this work was contradicted. Additionally, the
metric thought to be the best representative to anticipate resistance, the nonlinear air to
water relationship, was found to be lacking. All of these results emphasize the point that
prioritization needs to take into account numerous habitat characteristics and temperature
metrics at multiple scales when estimating potential resistance and resilience. Initial
analysis indicate that multi-metric analysis provide a much more holistic view of the
resistance potential that some streams may have to climate change. By ranking multiple
resistance metrics for summer, winter and annual temperatures, and then combining these
scores, a multi-metric analysis is provided. The initial attempts at this multi-metric
analysis appear to be promising, and additional, in-depth analysis will be completed.
The goal of this work was to provide managers with a method to compare
candidate restoration streams based on their potential resistance to increasing air
temperatures. The data for the nonlinear air-water relationship model came from open
and readily accessible sources and were calculated with ArcGIS. This suggests managers
can use my model to estimate the nonlinear air-water relationship with a fair degree of
accuracy. Assuming that warming is consistent across the region, an understanding of
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characteristics which buffer sites against warming is important to elucidate, as I have
done. Knowing the attributes that help explain water temperature resistance or resilience
to increasing air temperature will provide tools to understand cutthroat trout population
dynamics and indicate how to prioritize restoration of those populations.
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CONCLUSION
Cutthroat trout are facing numerous climate change associated threats and
managers are continuously deliberating how to most effectively distribute their budgets
and prioritize projects (Rieman et al. 2007; Haak et al. 2010a). Many authors argue that
threats from climate change should be a factor in the prioritization process and that
guidance is needed to determine those populations that have a higher potential for
resistance and resilience to warming (Rieman et al. 2007; Heino et al. 2009; Williams et
al. 2009; Isaak et al. 2010; Rieman and Isaak 2010; Schloss et al. 2012). I argue that the
impacts of climate change on cutthroat trout, and other freshwater populations, are
serious enough that it is imperative that fisheries managers factor these threats into
cutthroat restoration decisions. In this document I have provided managers with several
metrics to do so.
Models for the relationship between air temperatures and water temperatures
allow for the prediction of the change in air temperature relative to change in water
temperature. Knowledge of the influence warming air will have on headwater populations
(Kennedy et al. 2007) is critical to our ability to anticipate potential changes to cutthroat
population abundance (Holden et al. 2011). Although other effective models were
created, the nonlinear relationship between air and water temperature created by Mohseni
and Stefan (1999) provides the most accurate value to estimate the rate at which an
individual stream’s median temperature will increase relative to air temperature.
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It is important to know how much of the anticipated regional warming projections
will translate into increase in water temperature on a stream scale. Streams that are
buffered against air warming have a higher potential to support cutthroat populations in
the future. This work shows that streams with a combination of large buffer area, warmer
summer maximum air temperatures, steeper slopes at the pour point, lower minimum
slopes throughout the watershed and increased solar input are more likely to resist air
warming. Unfortunately, the streams deemed most highly resistant also had the warmest
summer temperatures, indicating that streams of more moderate temperature and
moderate resistance should be considered higher priorities for restoration.
The objective of this work was to better understand the relationship between air
and water temperatures in streams occupied by core conservation populations of
Colorado River cutthroat trout, with a focus on understanding how local and landscape
features affect this relationship. This was completed by collocating air and water
temperature loggers in these streams and modeling how these relationships are affected
throughout the year by habitat metrics calculated through GIS analysis. The results of this
work indicate that to reach the objectives of this project, the best ways to assess
resistance and resilience potential of cutthroat streams involves both multi-metric
analysis and re-interpreting the outcome from the Mohseni and Stefan’s (1999) equation.
This work provided insight allowing me to ask these and other questions. Regardless of
the work that still needs to be done, it provided initial results that can be used for
management.
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A variety of metrics, relationships, scales and time periods were used in these
analyses. A review of previous groupings, the relationship between regional predictions
and actual temperatures, linear and nonlinear regression and multi-model analysis were
completed. These data enabled us to determine that GIS-derived landscape characteristics
will enable predictions of resilience and resistance of cutthroat streams to the influences
of warming air temperatures along with the potential improvement of accuracy in using
air temperature as a surrogate for water temperature.
Colorado River cutthroat are threatened by climate change. It will diminish the
remaining cutthroat habitat of the Rocky Mountains. Managers must take this into
consideration when making restoration and conservation decisions. This work provides
an initial tool to do so. The predictive model of the nonlinear relationship between air
and water temperature creates a means to calculate stream resistance to air warming and
anticipate which cutthroat populations will continue to succeed in lieu of warming
climates. These predictions provide a powerful tool for managers, who are ultimately
responsible for determining where restoration and conservation are the most important
and will most likely succeed.
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Appendix A. The site names (Location), federal land management agency and particular
unit (Federal Agency and Unit), GPS points (Latitude and Longitude), and logger
deployment period (Date Deployed, Date Retrieved and Days Logged) for each of the 48
sets of temperature loggers deployed.
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Appendix B. Definition of all habitat characteristics calculated due to their potential
relationship with stream temperature resistance and model creation.
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Appendix C. Definition of all temperature metrics calculated for potential model selection, by temperature metric subset.
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Appendix D. Air-water regression data for all sites for all data collected from the mean of
biweek and monthly period averages. Regression output includes slope, intercept, Pvalue, residual standard error (SE) and adjusted r-squared values.
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!
Appendix E. A complete list of the results of calculations for mean and standard
deviation for all sites comparisons between maximum biweekly average temperatures in
the water (MAXAW), riparian (MAXAR) and upland (MAXAU) locations.
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!
Appendix F. Mean change in daily water temperature compared to mean change in daily
riparian air temperature, averaged over day, biweek and month time periods. The
comparison of change in riparian versus upland air temperature is also included.

